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Identifying spatial variability and complexity in wetland vegetation 
using an object-based approach 
Coastal wetland vegetation is complex in form and function. Accurately mapping 
the spatial variation of vegetation complexity within these ecosystems is 
important for identifying areas of high conservation value that provide essential 
ecosystem services. In this study we delineate wetland vegetation, particularly 
mangrove and saltmarsh, to a vegetative morphological level that identifies 
spatial complexity in vegetation structure. This was achieved by integrating Light 
detection and ranging (Lidar) and aerial imagery with an object-based approach. 
The results demonstrate that this is an effective methodology to identify 
vegetation complexity, with all study sites having greater than 90% classification 
accuracy. These high classification accuracies were underpinned by the use of 
Lidar data that provides detailed structural information about vegetation that is 
not captured with aerial imagery. This research highlights the importance of 
identifying spatial variability in vegetation structure when considering the value 
of coastal ecosystems and the services they provide. 
Keywords: coastal wetlands; mangrove; saltmarsh; object-based; vegetation 
structure; ecosystem services; Lidar 
1. Introduction 
Coastal ecosystems, particularly mangrove and saltmarsh, provide a range of ecosystem 
services including coastal protection for infrastructure, water purification, erosion 
control, and maintenance for commercial fisheries resources (Barbier et al. 2011). 
Ecosystem services are receiving considerable attention as they justify the value of 
ecosystems and their continuing need for conservation and restoration (Boyd and 
Banzhaf 2007). Ecosystems are underpinned by components, which are the abiotic and 
biotic characteristics associated with ecosystem structure; and processes which are the 
result of complex interactions between these components (de Groot, Wilson, and 
Boumans 2002; Boyd and Banzhaf 2007; Barbier et al. 2011; Hermann, Schleifer, and 
Wrbka 2011). Together components and processes perform functions, for example 
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carbon sequestration, that contribute to important ecosystem services such as climate 
change mitigation (Figure 1). 
Ecosystem services provided by coastal ecosystems are spatially and temporally 
variable (Ewel, Twilley, and Ong 1998; Barbier et al. 2011). Remote sensing is 
commonly used to analyse this variability; however, this has largely focused on 
mapping the distribution of vegetation communities through time, and rarely to species 
or genera level (Adam, Mutanga, and Rugege 2009). Previous mapping of vegetation 
communities using remote sensing focuses on the components of an ecosystem. This 
results in having only tenuous links to the ecosystem services they provide due to the 
lack of information about the processes contributing to ecosystem function. More 
information about the function of ecosystems, and the interaction of ecosystem 
components and processes, is required to determine the spatial distribution of ecosystem 
services and to enable more accurate assessment of the value of coastal ecosystems. 
Evaluating ecosystem processes using remote sensing is challenging; however, 
ecosystem components can be used as a proxy to infer processes that cannot be easily 
measured, as some processes correlate with aspects of components. The level of detail 
in which ecosystem components are mapped limit their use as a proxy for processes. 
Delineating ecosystem components at a vegetative morphological level that identifies 
vegetation structure within vegetation communities provides additional information that 
relates to ecosystem processes (Figure 1). For example mangrove communities have 
higher soil carbon sequestration rates compared to saltmarsh communities (Chmura et 
al. 2003; Livesley and Andrusiak 2012). Although the spatial variation of some 
processes can be differentiated on the basis of mapping vegetation communities, others 
require detailed mapping of the vegetative morphology within communities or genera. 
For example mangrove communities have different vegetation heights and densities 
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which define the ecosystem functions, such as habitat suitability for water birds (Noske 
1995, 1996). Capturing this level of vegetative morphological detail will enable a more 
informed understanding of the variability in ecosystem functions and ultimately the 
value of ecosystem services in coastal wetlands. 
[insert Figure 1 here] 
 
The aim of this study is to delineate wetland vegetation, particularly mangrove 
and saltmarsh, at a vegetative morphological level that identifies spatial complexity in 
vegetation structure. This will provide further information on the spatial and temporal 
variability of ecosystem components and correlations to ecosystem processes. Detailed 
delineation of vegetation structure has been limited in previous research due to spatial 
complexity of wetland vegetation and the inability of traditional remote sensing data 
and approaches to identify important structural features. A common methodology for 
producing fine scale wetland vegetation mapping is using aerial imagery to manually 
delineate vegetation communities in a geographic information system (GIS) with expert 
knowledge (CSIRO 1994; Chafer 1998; Saintilan and Wilton 2001; Oliver et al. 2012). 
Other approaches include using satellite imagery with automated classification 
methodologies such as spectral unmixing, decision tree classifiers, and support machine 
vectors (see reviews by Ozesmi and Bauer 2002; Kuenzer et al. 2011). These traditional 
methodologies have been unable to identifying structural features to a higher degree of 
detail or accuracy (see reviews by Adam, Mutanga and Rugege 2009). This study 
overcomes these limitations by combining aerial imagery with Lidar point cloud data. 
Lidar data enables detailed structural information about vegetation to be obtained that is 
not possible with imagery (see review by Heumann 2011). Previous research has 
demonstrated higher classification accuracies when utilising Lidar data coupled with 
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multispectral imagery to aid classification of spectrally similar species that have 
different structural morphologies (Chust et al. 2008; Ke, Quackenbush and Im. 2010).  
Furthermore an object-based image analysis (OBIA) approach is utilised in this 
study. The OBIA methodology achieves high classification accuracies of remotely-
sensed data as it incorporates both spectral and spatial properties of the data (Vo et al. 
2013). Comparative studies of OBIA and traditional pixel-based image analysis (PBIA) 
demonstrate the advantages of the OBIA methodology as well as higher accuracies in 
classification (Kamal and Phinn 2011; Ouyang et al. 2011; Dronova et al. 2012). 
Detailed structural characteristics have been investigated and proven useful for 
identifying ecological complexity, such as mangrove forest morphology and stand 
density (Kim et al. 2011; Rokitnicki-Wojcik, Wei, and Chow-Fraser 2011; Vo et al. 
2013), saltmarsh genera (Ouyang et al. 2011), and vegetation health after storm events 
(Liu et al. 2014). Research by Dronova et al. (2012) was the first to use OBIA 
classification to delineate C3 and C4 metabolic pathways in vegetation using structural 
characteristics that correlated with these processes. In Australia, research by Kamal and 
Phinn (2011) used hyperspectral imagery to classify wetland vegetation at a community 
level, inclusive of mangrove and saltmarsh communities. More recent research 
delineated mangrove forest type, including open scrub, low-close forest and high close 
forest (Kamal et al. 2014) with a high degree of accuracy. Previous research 
demonstrates the utility of OBIA in delineating structural variation in wetland 
vegetation, however the link to ecosystem services has not been considered in sufficient 
detail. 
This research provides a rapid assessment methodology for identifying spatial 
complexity in wetland vegetation structure. It also provides a platform to examine the 
spatial variability of ecosystem processes associated with vegetation composition and 
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structure, such as carbon sequestration potential and current carbon store. This will 
facilitate a more informed understanding of the variability in ecosystem functions and 
ultimately the value of ecosystem services in coastal wetlands. 
2. Methods 
2.1 Study Area 
The south-east coast of New South Wales, Australia is a wave-dominated coastline. 
Saline coastal wetlands are restricted to estuaries and embayments along the coast 
where low energy hydrodynamic conditions occur (Roy et al. 2001). The temperate 
climate of south-eastern New South Wales supports mangrove and saltmarsh 
communities which occur along intertidal shorelines. Mangroves are typically 
positioned lower within the tidal frame and saltmarsh is typically positioned higher in 
the tidal frame. Two species of mangrove are present in this region; predominantly 
Avicennia marina and also Aegiceras corniculatum. Commonly present saltmarsh 
species include Sporobolus virginicus, Samolus repens, Juncus krausii and Sarcocornia 
quinqueflora (Clarke 1993). To assess the replicability of the approach in this study, 
three sites with similar geomorphic setting and tidal range (approximately 2 m) within 
the study region were selected; Minnamurra River, Cararma Inlet and Currambene 
Creek (Figure 2). However they differ in environmental influences, such as catchment 
size, substrate type, and hydrodynamics. 
[insert Figure 2 here] 
 
2.2 Remote Sensing Data 
The remote sensing data used in this study included readily available aerial imagery and 
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Lidar data provided by the Land and Property Information, NSW. The aerial imagery 
consisted of red, green and blue (RGB) spectral bands and was captured in 2009 using 
an ADS40 instrument mounted on a light aircraft. Data were obtained as an ortho-
rectifed GeoTIFF with a spatial resolution of 0.5 m. The Lidar data was obtained as a 
C3 classified LAS file point cloud with a footprint size of 0.62 m
2
. The Lidar data were 
captured in 2010-2011 using an ALS50-II laser scanner mounted on a light aircraft. 
Upon receipt, both data types did not require further pre-processing or correcting. Table 
1 summarises the technical specifications of the remote sensing data used in the study. 
[insert Table 1 here] 
2.3 Field Data 
Preliminary reconnaissance at each site identified suitable vegetation structural 
classifications. Vegetation morphology was characterised as one of eleven dominant 
structural vegetation forms (Table 2, Figure 3). Mangroves were classified as tall 
mangrove, shrub mangrove, or dwarf mangrove. Tall mangroves were typically larger 
than 3 m in height with a diameter at breast height (DBH) greater than 15 cm. Shrub 
mangroves were defined as a height range between 3 m and 1.3 m with a DBH less than 
15 cm. Dwarf mangroves were less than 1.3 m in height and therefore DBH was not 
measured. The distribution and function of mangrove structural classes were similar to 
those described by Lugo and Snedaker (1974) and further by Woodroffe (1992). Tall 
mangroves had characteristics of fringe and river forests, shrub mangroves had similar 
characteristics to basin forests, and dwarf mangroves similar to dwarf forests, or scrub 
forests (Twilley et al. 1998). The two species of mangrove, A. marina and A. 
corniculatum, were not separated when defining mangrove morphology due to similar 
growth in each structural form. Saltmarsh communities were classified as reed, rush, 
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Tecticornia, or herbs, grasses and sedges. Ecotone communities of mangrove and 
saltmarsh species were classified as mixed. Sparse vegetation areas were defined as 
areas with sparse vegetation growth, often ecotone communities, which had a sandy 
surface substrate. Inundated areas were defined as permanent or semi-permanent areas 
of water that were unvegetated. Mapped Casuarina glauca woodlands were classified 
as Casuarina. 
Each study site was ground-truthed to obtain data to train and validate the 
vegetative classification. All sites were ground-truthed between December 2014 and 
January 2015. Although there was a considerable time difference between remote 
sensing data capture and ground-truthing this was deemed largely insignificant as 
previous vegetation mapping at the study sites by Oliver et al. (2012) at Minnamurra 
River and Saintilan and Wilton (2001) at Currambene Creek and Cararma Inlet was 
consistent with preliminary reconnaissance. However problems may arise due to 
spectral characteristics of vegetation, particularly saltmarsh, due to seasonal changes 
and variable hydrological conditions. This may affect the spectral dissemination of the 
aerial imagery for species that may appear similar at certain times of the year. The 
location of the ground-truthed point was recorded with a Trimble real-time kinematic 
GPS (error, horizontal: 8 mm vertical: 15 mm). Photos were also taken at each ground-
truthed location. As the ground-truthed data was used to train and validate the 
classification, a substantial coverage of ground-truthed points was required for each 
site; 134 ground-truthed points were collected for Minnamurra River, 186 for Cararma 
Inlet, and 148 for Currambene Creek. Figure 4 illustrates the extent of ground-truthed 
points collected for Minnamurra River. 
[insert Table 2 here] 
[insert Figure 3 here] 
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2.4 Image Analysis 
All image segmentation in this study utilised the multiresolution segmentation 
algorithm (MRSA) in the eCognition Developer 8.7 image analysis software. The 
MSRA was used as it is a simple and often more effective segmentation algorithm 
compared to other approaches (Dronova et al. 2012). Several user inputs were required 
to define the parameters of the algorithm. These include scale parameter, which is the 
threshold for image object growth, shape, a ratio defining the influence of spectral and 
shape homogeneity, and compactness, a ratio for optimising object compactness and 
smoothness (Ke, Quackenbush, and Im 2010). Moffett and Gorelick (2013) demonstrate 
that the scale parameter is the most important variable to optimise for segmentation, and 
therefore shape and compactness values remained the default setting throughout this 
study (shape: 0.1, compactness: 0.5). The estimation of scale parameter (ESP) tool was 
used in eCognition to quantitatively approximate appropriate scale parameter thresholds 
for each image segmentation (Drǎguţ, Tiede and Levick 2010). The algorithm also 
required input of remote sensing data layers, such as aerial imagery, from which the 
image objects were created. All data layers in this study had the same weighting when 
used in segmentation. An example of the MRSA for Minnamurra River is given in 
Figure 4. 
[insert Figure 4 here] 
 
This study uses a hierarchical approach (Figure 5). For initial segmentations 
across all study sites, the inputs were the three spectral bands of the aerial imagery and 
the entire Lidar point cloud. The initial segmentation was to enable the user to manually 
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select out the wetland area of interest from the surrounding environments that were not 
to be classified. For the proceeding segmentations and classifications in the hierarchical 
approach, layer metrics were derived from the aerial imagery and Lidar point cloud. A 
hydrological model; a spatial layer representing distance to water across each study site, 
was also developed to identify inundation dynamics of vegetation. A total 45 layers, 
including the original datasets and derived datasets, were available for segmentation and 
classification. All layers are given in Table 3. 
[insert Figure 5 here] 
[insert Table 3 here] 
 
The second stage of segmentation and classification, hereafter known as the 
community level classification, delineated the wetland area of interest to mangrove, 
saltmarsh, Casuarina, mixed, sparse vegetation, or inundated (Figure 5). This approach 
differed from the initial segmentation and classification of the wetland area of interest. 
Table 4 gives detailed information about the parameters and layers used for each 
segmentation at each study site. The segments were classified using the standard nearest 
neighbour supervised classification algorithm. Sample image objects for each class were 
required to train the algorithm. The ground-truthed data was randomly divided into 
training and validation data with less than 30% in total used as training data. The feature 
optimisation tool in eCognition Developer 8.7 was utilised to input all available data 
layers and compute the optimal number and combination of layers required for 
differentiating the user-defined classes. After all image objects were classified, 
incorrectly classified segments were manually edited with reference to the ground-
truthed data using expert image interpretation. This was necessary to ensure that the 
scene was near 100% correct for the following structural classification. 
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The final stage of segmentation and classification was completed for mangrove 
and saltmarsh independently. The community level image objects were further 
segmented and classified to delineate the structural vegetation classes. Some sites did 
not contain all structural forms and where this occurred the absent class was excluded. 
The classifications were finalised by executing a rule process that altered a segment if it 
was different from all surrounding segments that were classified as the same class. This 
was important to ensure that the final maps demonstrated the major spatial distribution 
of structural classes. 
[insert Table 4 here] 
 
Validation of the final classification for each study site was completed using 
ground-truthed data. Ground-truthed data that was included to train the classification 
were excluded from the validation data. Pairwise error matrices were used to identify 
misclassification between classes and estimate user’s accuracy, producer’s accuracy and 
overall accuracy (see supplementary material). The kappa coefficient (κ) of agreement 
was calculated for each classification to demonstrate agreement between the data (a 
unitless value ranging from 1 for perfect agreement, to –1 for complete disagreement) 
(Congalton 1991). 
3. Results 
The classification maps for each study area demonstrate the spatial variability in 
vegetation component morphology that can be identified using this methodology 
(Figures 6–8). All classifications had an accuracy greater than 90% with κ coefficients 
indicating good agreement between the classification and ground-truthed data (Table 5). 
Minnamurra River recorded the highest map accuracy with 96%. Both Minnamurra 
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River and Cararma Inlet had higher accuracies for the mangrove classification than the 
saltmarsh classification. 
[insert Figure 6 here] 
[insert Figure 7 here] 
[insert Figure 8 here] 
[insert Table 5 here] 
 
The feature optimisation statistics demonstrate that the majority of variance in 
all vegetation classifications was explained by less than 10 layers, with only minimal 
reductions in variance when additional layers were included (Figure 9). The layers 
utilised for describing 70% of the variance for each classification are provided in Table 
6. We found that the dominant variance was explained by both spectral and Lidar 
derived metrics, and that hydrological distance was an important layer, being 
incorporated in eight of the nine classifications (Table 6). 
[insert Figure 9 here] 
[insert Table 6 here] 
 
Each site demonstrated differences in the spatial distribution of vegetation 
classes as well as vegetation groups present. Minnamurra River was the only site that 
contained the saltmarsh vegetation class of reeds, namely Phragmites australis. 
Similarly Cararma Inlet was the only site to contain Tecticornia arbuscular. Both 
vegetation classes occupied areas in the upper intertidal. Currambene Creek and 
Cararma Inlet had areas of sandy substrate with sparse vegetation throughout that was 
not present at Minnamurra River. 
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Vegetation class statistics were derived using the final classification maps and 
the Lidar data (Figure 10), which highlight similar variation in structural communities 
across all study sites. Although a range of layers were utilised to classify variation in 
vegetation structure, it is evident that other factors that have not been modelled may be 
influencing hydrodynamics. For example, very low soil salinities and almost continuous 
inundation in the Reed saltmarsh at Cararma Inlet indicates that groundwater 
contributions to hydrodynamics may be a significant control on saltmarsh distributions 
(Figure 10 c). The vegetation height statistics demonstrate expected trends that correlate 
with idealised dominant structural vegetation forms (Figure 10 a). Although the first 
returns indicate a high precision of the Lidar data, other derivatives such as the DEM, 
indicate the inability of Lidar to penetrate vegetation canopies; particularly at 
Minnamurra River (Figure 10 b). 
[insert Figure 10 here] 
4. Discussion 
Capturing wetland vegetation structure identifies vegetation complexity that is not 
demonstrated in previous mapping. A common methodology for producing fine scale 
vegetation mapping is using aerial imagery to manually delineate vegetation 
communities in a geographic information system (GIS) with expert knowledge. This 
was completed for sites used in this study by Chafer (1998) and Oliver et al. (2012) at 
Minnamurra River, and CSIRO (1994) and Saintilan and Wilton (2001) at Cararma Inlet 
and Currambene Creek. These studies use similar methodologies to delineate vegetation 
communities to major vegetation groups; mangrove, saltmarsh, Casuarina and mixed 
(ecotone of mangrove and saltmarsh communities). The methodology presented in this 
study delineates the structural forms of these vegetation communities, identifying 
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spatial variability that cannot be identified accurately using these previous approaches, 
as demonstrated through comparisons of equivalent mapped vegetation extent using 
different techniques at Minnamurra River (Table 7). Capturing the extent of vegetation 
structural forms provides additional information about the complexity of vegetation 
communities. 
[insert Table 7 here] 
 
Identifying structural complexity demonstrates the spatial variation of wetland 
vegetation within these ecosystems. The zonation of mangroves at Minnamurra River 
and Cararma Inlet show similarities in hydrological distance to water, with tall 
mangroves closest to the water’s edge followed by shrub mangrove and then dwarf 
mangrove. At Currambene Creek, a larger extent of tall mangrove fringe the river 
channel with shrub and dwarf mangrove higher in the intertidal but not conforming to a 
similar zonation as at the other sites. This spatial variability is likely a factor of the 
interaction between surface elevation and hydrodynamics, and could be identified 
because mangrove communities were delineated to vegetative morphological forms. 
Similarly identifying structural complexity of saltmarsh demonstrates variation in 
distribution. Cararma Inlet has an extensive distribution of saltmarsh for areas that are 
less frequently inundated from the tide, such as Rush saltmarsh. Coupled with the 
presence of inundated pools, that were not present at Minnamurra River or Currambene 
Creek, indicates the importance of groundwater contributions to hydrodynamics on 
saltmarsh compositional distribution that have not been incorporated into the 
classification model. 
Capturing this variability and complexity in wetland vegetation is important for 
delineating differences in distribution of ecosystem services. This is particularly useful 
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for directing management to areas that could be considered for conservation. For 
example, carbon storage dynamics have been demonstrated to be variable across 
wetland vegetation (Chmura et al. 2003). In this study we found that the distribution of 
tall mangrove, which have the highest above-ground carbon storage (Clough, Dixon, 
and Dalhaus 1997; Saintilan 1997), occurred in different positions on each estuary. At 
Minnamurra River, tall mangrove were associated with cut-off embayments, while they 
were restricted to the inside of meanders at Currambene Creek and along the tidal 
channel of Cararma Inlet. Similarly, identifying vegetation morphologies of saltmarsh 
may enable more robust calculations for below-ground carbon storage. Choi and Wang 
(2004) demonstrate substantial differences in below-ground carbon storage for 
saltmarsh species depending on their hydrological position in the intertidal zone. 
Previous mapping that does not delineate morphological forms within saltmarsh 
vegetation would not be able to upscale these estimates without compromise. This is 
because the mapped vegetation would not capture the vegetative morphological 
information required to upscale the discrete measures of carbon storage. Identifying 
spatial variability of vegetation structure could provide greater confidence when 
estimating landscape scale carbon storage. 
Using an object-based approach provides advantages over traditional pixel-
based image analysis, resulting in higher map accuracies (Kamal and Phinn 2011; 
Ouyang et al. 2011; Dronova et al. 2012). All sites had an overall map accuracy of 
greater than 90%, providing similar accuracies to previous studies that captured 
vegetation complexity in coastal wetlands (Heumann 2011a; Kim et al. 2011; Ouyang et 
al. 2011; Vo et al. 2013; Kamal, Phinn, and Johansen 2015). Although 45 derived layers 
were input into the nearest neighbor algorithm, significantly less layers were required 
for classification. Both Lidar derived layers and spectrally derived layers were 
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important for differentiating vegetation classes, however the mangrove classifications 
relied substantially on the Lidar derived layers (Table 6). The use of Lidar point cloud 
data underpinned the high accuracies of classification in this study. Lidar data enables 
detailed structural information about vegetation to be obtained that is not possible with 
imagery. This is particularly useful when mapping spectrally similar vegetation that 
may be distinguished by structural differences through Lidar metrics (Heumann 2011b; 
Rokitnicki-Wojcik, Wei, and Chow-Fraser 2011), as was the case with our results. Lidar 
has been used in other studies; however, these studies have not taken advantage of the 
depth of information that this can add to wetland vegetation classification (Moffett and 
Gorelick 2013). Deriving several specific layers from the Lidar point cloud, rather than 
using the entire point cloud or only selecting the DEM, provided a more effective use in 
classification. 
5. Conclusions 
Ecosystem services provided by coastal wetlands are spatially and temporally variable. 
Capturing information about ecosystem function, the interaction of ecosystem 
components and natural processes, is required to determine the spatial distribution of 
ecosystem services and enable a more accurate assessment of the value of coastal 
ecosystems. Delineating ecosystem components at a morphological level that identifies 
vegetation structure within vegetation communities provides additional information 
about ecosystem processes. This research provides a rapid assessment methodology to 
identify spatial complexity in wetland vegetation structure with a high degree of 
accuracy. This facilitates a more informed understanding of the variability in 
ecosystems functions and ultimately the value of coastal ecosystems and the services 
they provide. 
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Table 1. Technical specification of aerial imagery and Lidar data. 
Aerial imagery Lidar 
Sensor ADS40 Sensor ALS50-II 
Time of capture February 2009 Time of capture 





Data type LAS 





red (608–662 nm) 
green (533–587 nm) 










Table 2. Structural vegetation class definitions for classification. 











Dwarf mangrove <1.3 
Reed saltmarsh Phragmites australis 0.5-2.0 
Upper 
intertidal 
Rush saltmarsh Juncus krausii 0.3-1.0 
Herbs, grasses 
and sedges 
Sporobolus virginicus, Samolus repens, 
Sarcocornia quinqueflora 
0-0.3 
Tecticornia Tecticornia arbuscular 0.1-1.0 
Inundated area 
Permanent or semi-permanent areas of water 









Areas with sparse vegetation growth, often 
ecotone communities, that had a sandy surface 
substrate 
- 
Casuarina Casuarina glauca >3.0 
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Table 3. Derivative layers of aerial imagery, Lidar point cloud data and 
hydrological distance to water model (DEM; digital elevation model, DSM; 
digital surface model, DTM; digital terrain model, CHM; canopy height model, 
IDM; Intensity difference model). 
Aerial imagery  
3 band 
(red, green, blue) 
Lidar point cloud* 
Lidar point cloud 
intensity* 
Lidar layer ratio 
Hydrologic distance 
to water model 
 

























All returns of high 
height vegetation 
  




All returns of low 
height vegetation  
 
All ground returns 
 




of all returns 
 
Intensity average 
of first returns 
 
Intensity 









All returns of high height 
vegetation : All returns of medium 
height vegetation 
 
All returns of high height 
vegetation : All returns of low 
height vegetation 
 
All returns of medium height 
vegetation : All returns of low 
height vegetation 
 
All ground returns : All vegetation 
returns 
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SP = 200 
Blue, green, 
red, lidar 
SP = 100 
CHM, DEM, DSM, 
all vegetation points, 
high vegetation points, 
medium vegetation 
points, 
low vegetation points, 
ground points 
SP = 25 
Blue, green, red, 
CHM, DEM, DSM, 
all vegetation points, 
high vegetation points, 
medium vegetation points, 
low vegetation points, 
ground points 





SP = 200 
Blue, green, 
red, lidar 
SP = 100 
CHM,  
high vegetation points, 
medium vegetation 
points, low vegetation 
points, ground points 
SP = 25 
Blue, green, red, 
CHM, DEM, DSM, 
all vegetation points, 
high vegetation points, 
medium vegetation points, 
low vegetation points, 
ground points 





SP = 200 
Blue, green, 
red, lidar 
SP = 75 
CHM,  
high vegetation points, 
medium vegetation 
points, low vegetation 
points, ground points 
SP = 15 
Blue, green, red,  
CHM, DEM, DSM,  
all vegetation points,  
high vegetation points,  
medium vegetation points,  
low vegetation points,  
ground points,  
Average intensity of all 
returns 
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Table 5. Classification accuracies for each study site. n = number of classes. 











% 99 96 93 96 
κ 0.99 0.94 0.89 0.96 
n 3 3 3 3 
Currambene Creek 
% 99 92 92 95 
κ 0.99 0.86 0.81 0.93 
n 5 3 2 8 
Cararma Inlet 
% 97 98 93 95 
κ 0.98 0.97 0.89 0.95 
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Table 6. Feature optimisation statistics for community (com), mangrove (man), 
and saltmarsh (sm) classifications at each study site. Greyed out boxes indicate 
layers used to explain 70% or greater variance associated with each classification. 
For a complete table of all layers required for each classification refer to 
supplementary material. 
Layers Minnamurra River Currambene Creek Cararma Inlet 
 com man sm com man sm com man sm 
Red band          
Green band          
Blue band          
Brightness          
Hue          
Intensity          
Saturation          
Maximum Difference          
DEM          
All returns of high height vegetation           
All returns of medium height vegetation           
All returns of low height vegetation           
All ground returns          
All Lidar returns elevation average          
Intensity average of first returns          
Intensity maximum of first returns          
Lidar layer ratio (medium : low vegetation)          




Table 7. Comparison of delineated wetland vegetation extent at Minnamurra 
River from Oliver et al. (2012) to the results presented in this study. 
Vegetation 
community (ha) 
Oliver et al. 
(2012) 
This study This study (structural form) 
Mangrove (ha) 22 18.3 
Tall mangrove – 5.2 
Shrub mangrove – 8.6 
Dwarf mangrove – 4.5 
Mixed (ha) 2.3 5.5  
Saltmarsh (ha) 4.5 4.5 
Reed saltmarsh – 0.15 
Rush saltmarsh – 1.35 
Herbs, grasses and sedges saltmarsh – 3.0 
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Figure 1. Hierarchical figure demonstrating ecosystem services as elements of 
components and natural processes. Dashed line indicates potential proxy. Adapted from 
Barbier et al. (2011), de Groot, Wilson, and Boumans (2002), Hermann, Schleifer, and 
Wrbka (2011). 
Figure 2. Location of study sites in New South Wales, Australia. Data source: Imagery 
© ESRI Basemaps. 
Figure 3. Field photo examples of structural morphologies of vegetation a) Tall 
mangrove b) Shrub mangrove c) Dwarf mangrove d) Reed saltmarsh e) Rush saltmarsh 
f) Herbs, grasses and sedges saltmarsh g) Tecticornia saltmarsh h) Ephemeral inundated 
area i) Casuarina j) Mixed k) Sparse vegetation. 
Figure 4. Multiresolution segmentation example (left) and recorded ground-truthed data 
(right) for Minnamurra River. Data source: Imagery © Land and Property Information 
[2009]. 
Figure 5. Hierarchical OBIA approach completed in eCognition (diamond = data input, 
oval = process, square = classes). 
Figure 6. Structural classification for Minnamurra River. Data source: Imagery © Land 
and Property Information [2009]. 
Figure 7. Structural classification for Currambene Creek. Data source: Imagery © Land 
and Property Information [2009]. 
Figure 8. Structural classification for Cararma Inlet. Data source: Imagery © Land and 
Property Information [2009]. 
Figure 9. Feature optimisation statistics for number of layers required explain the 
variance associated with the community classification (blue), mangrove classification 
(red), and saltmarsh classification (green) for a) Minnamurra River, b) Currambene 
Creek, and c) Cararma Inlet. 
Figure 10. Mean a) vegetation height, b) elevation and c) hydrological distance to water 
for each structural vegetation class for Minnamurra River (blue), Currambene Creek 
(red) and Cararma Inlet (green). 
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Figure 1. Hierarchical figure demonstrating ecosystem services as elements of components and natural 
processes. Dashed line indicates potential proxy. Adapted from Barbier et al. (2011), de Groot, Wilson, and 
Boumans (2002), Hermann, Schleifer, and Wrbka (2011).  
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Figure 2. Location of study sites in New South Wales, Australia. Data source: Imagery © ESRI Basemaps.  
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Figure 3. Field photo examples of structural morphologies of vegetation a) Tall mangrove b) Shrub 
mangrove c) Dwarf mangrove d) Reed saltmarsh e) Rush saltmarsh f) Herbs, grasses and sedges saltmarsh 
g) Tecticornia saltmarsh h) Ephemeral inundated area i) Casuarina j) Mixed k) Sparse vegetation.  
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Figure 4. Multiresolution segmentation example (left) and recorded ground-truthed data (right) for 
Minnamurra River. Data source: Imagery © Land and Property Information [2009].  
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Figure 5. Hierarchical OBIA approach completed in eCognition (diamond = data input, oval = process, 
square = classes).  
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Figure 6. Structural classification for Minnamurra River. Data source: Imagery © Land and Property 
Information [2009].  
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Figure 7. Structural classification for Currambene Creek. Data source: Imagery © Land and Property 
Information [2009].  
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Figure 8. Structural classification for Cararma Inlet. Data source: Imagery © Land and Property Information 
[2009].  
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Figure 9. Feature optimisation statistics for number of layers required explain the variance associated with 
the community classification (blue), mangrove classification (red), and saltmarsh classification (green) for a) 
Minnamurra River, b) Currambene Creek, and c) Cararma Inlet.  
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Figure 10. Mean a) vegetation height, b) elevation and c) hydrological distance to water for each structural 
vegetation class for Minnamurra River (blue), Currambene Creek (red) and Cararma Inlet (green).  
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Table S1. Pairwise error matrix for structural classification and ground-truthed data at Minnamurra River (HGS = Herbs, grasses and 


























7 0 0 0 0 0 0 0 7 0 
Shrub 
mangrove 
0 31 0 0 0 0 0 0 31 0 
Dwarf 
mangrove 
0 2 15 0 0 0 0 0 17 12 
Mixed 0 0 0 32 0 0 0 0 32 0 
Casuarina 0 0 0 0 4 0 0 0 4 0 
Reed 0 0 0 1 0 10 0 0 11 9 
Rush 0 0 0 0 0 0 10 2 12 17 
HGS 0 0 0 0 0 0 1 19 20 5 




0 6 0 3 0 0 9 10 
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Table S2. Pairwise error matrix for structural classification and ground-truthed data at Currambene Creek. Note: classes Casuarina 
and Rush have only 4 replicates each and may not be statistically significant. 
 

























39 1 1 1 0 0 0 0 42 7 
Shrub 
mangrove 
0 14 1 0 0 0 0 0 15 7 
Dwarf 
mangrove 
0 2 8 0 0 0 0 0 10 20 
Mixed 0 0 0 29 0 0 0 0 29 0 
Casuarina 0 0 0 0 4 0 0 0 4 0 
Sparse 
vegetation 
0 0 0 0 0 15 0 0 15 0 
Rush 0 0 0 0 0 0 3 0 3 0 
HGS 0 0 0 0 0 0 1 9 10 10 




0 18 20 3 0 0 25 0 
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Table S3. Pairwise error matrix for structural classification and ground-truthed data at Cararma Inlet. Note: class Inundated has no 
replicates and may not be statistically significant. 
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21 0 0 0 0 0 0 0 0 0 21 0 
Shrub 
mangrove 
0 18 0 0 0 0 0 0 0 0 18 0 
Dwarf 
mangrove 
0 1 13 0 0 0 0 0 0 0 14 7 
Mixed 0 0 0 30 1 0 0 0 0 0 31 3 
Casuarina 0 0 0 0 7 0 0 0 0 0 7 0 
Sparse 
vegetation 
0 0 0 0 0 12 0 0 0 0 12 0 
Inundated 0 0 0 0 0 0 1 0 0 0 1 0 
Rush 0 0 0 1 0 0 0 26 0 1 28 7 
HGS 0 0 0 1 0 0 0 0 22 1 24 8 
Tecticornia 0 0 0 0 0 0 0 2 0 8 10 20 




0 5 0 6 13 0 0 7 0 20 
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Table S4. Complete feature optimisation statistics for community (com), 
mangrove (man), and saltmarsh (sm) classifications at each study site. Greyed out 
boxes indicate layers used to explain variance associated with each classification 
(SD; standard deviation). 
Layers Minnamurra River Currambene Creek Cararma Inlet 
 com man sm com man sm com man sm 
Red band (mean)          
Green band (mean)          
Blue band (mean)          
Red band (SD)          
Green band (SD)          
Blue band (SD)          
Brightness (mean)          
Hue (mean)          
Intensity (mean)          
Saturation (mean)          
Maximum Difference (mean)          
DEM (mean)          
DSM (mean)          
DTM (mean)          
CHM (mean)          
DEM (SD)          
DSM (SD)          
DTM (SD)          
CHM (SD)          
All vegetation returns (mean)          
All returns of high height vegetation (mean)          
All returns of medium height vegetation (mean)          
All returns of low height vegetation (mean)          
All ground returns (mean)          
All returns elevation average (mean)          
All vegetation returns (SD)          
All returns of high height vegetation (SD)          
All returns of medium height vegetation (SD)          
All returns of low height vegetation (SD)          
All ground returns (SD)          
All Lidar returns elevation average (SD)          
Intensity average of all returns (mean)          
Intensity average of first returns (mean)          
Intensity maximum of first returns (mean)          
Intensity minimum of last returns (mean)          
IDM (mean)          
Intensity average of all returns (SD)          
Intensity average of first returns (SD)          
Intensity maximum of first returns (SD)          
Intensity minimum of last returns (SD)          
IDM (SD)          
Lidar layer ratio (high : medium vegetation)          
Lidar layer ratio (high : low vegetation)          
Lidar layer ratio (medium : low vegetation)          
Lidar layer ratio (ground : all vegetation)          
Hydrologic distance to water model (mean)          
Mean Hydrologic distance to water model (SD)          
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